ABSTRACT Electroencephalogram (EEG) signals are often contaminated with diverse artifacts, such as electromyogram (EMG), electrooculogram (EOG), and electrocardiogram (ECG) artifacts. These artifacts make subsequent EEG analysis inaccurate and prevent practical usage. Recently, the use of wearable EEG devices in ambulatory systems has been developed. For practical reasons, these systems usually contain a single EEG channel. Several studies have proposed to combine single-channel decomposition methods with blind source separation (BSS) methods to denoise the single-channel EEG. However, the existing methods have their own limitations since most of them only focus on removing one single kind of artifacts. Unfortunately, the EEG is prone to be contaminated by various kinds of artifacts simultaneously. Yet to our knowledge, there are no existing methods to remove diverse artifacts simultaneously from the singlechannel EEG. To address this issue, we propose an effective method to remove diverse artifacts simultaneously for the single-channel EEG case. This method is a combination of singular spectrum analysis (SSA) and second-order blind identification (SOBI) method. We conduct a semi-simulated study to investigate all possible cases of the single-channel EEG been contaminated by EMG, EOG, and ECG artifacts. The results show that the proposed method can successfully remove diverse artifacts from the single-channel EEG. It is a promising tool for biomedical signal processing applications.
I. INTRODUCTION
Electroencephalography (EEG) is a typically noninvasive technique for recording electrical activities of the brain. EEG is nowadays used extensively in a variety of practical applications. For instance, clinical practices have extensively relied on EEG analysis to provide auxiliary diagnostic information for certain brain diseases such as locating the epileptic activity and analyzing sleep disorders [1] , [2] . Unfortunately, EEG is often contaminated by various non-cerebral electrophysiological artifacts, including those from the The associate editor coordinating the review of this manuscript and approving it for publication was Peng Xu.
electromyogram (EMG), electrooculogram (EOG) and electrocardiogram (ECG)
. These artifacts will make subsequent signal analysis quite difficult or even completely overwhelm the EEG waves [3] . Therefore, there exists a pressing need to develop an effective approach for maximizing the removal of artifacts without disrupting the true underlying EEG signals.
In prior research, blind source separation (BSS) methods have been extensively explored for artifact rejection of multi-channel EEG data, including independent component analysis (ICA), canonical correlation analysis (CCA) and independent vector analysis (IVA). BSS-based methods extracts a set of source components from a set of mixed signals. The components that are associated with the artifact sources are identified and removed. These BSS-based methods have been shown to be effective to remove artifacts from multi-channel EEG data in several studies [4] - [10] . As there is a trend in healthcare delivery away from hospitalcentered approaches towards more ambulation-based care, the number of channels in ambulatory EEG is usually much fewer than before [11] , and in some cases, the ambulatory systems use only one single EEG channel [12] , [13] . Since BSS implicitly assumes the number of underlying sources is equal to or fewer than the number of channels, it cannot be directly applied for single-channel EEG. To overcome the limitation with the BSS-based methods, some studies proposed to use a combination of single-channel decomposition methods and BSS methods. In this case, the single-channel EEG is first decomposed into multichannel datasets, and then BSS methods are applied to separate the artifacts from the multichannel datasets. For instance, Lin and Zhang [14] combined the wavelet transform (WT) and ICA for source separation. Since the extracted sources vary significantly with different mother wavelet, how to choose the proper mother wavelet has always been a challenge for WT. To overcome the disadvantages of WT, Mijovic et al. [15] , Sweeney et al. [16] and Chen et al. [17] - [19] all proposed to combine ensemble empirical mode decomposition (EEMD) with BSS for removing artifacts from single-channel EEG. In [15] , ICA was chosen as the BSS method, while in [16] and [19] , canonical correlation analysis (CCA) was chosen as the BSS method. Both CCA and independent vector analysis (IVA) were used in [17] . In [18] , multiset CCA (MCCA) was utilized as the BSS method. Currently in the literature, disagreement exists about the performance of different BSS methods. It is likely that the appropriate selection of BSS method for artifact removal is strongly dependent on the type of artifacts. According to previous studies, for the removal of the EMG artifacts, both CCA and IVA are recommended [17] , [20] , while ICA is demonstrated feasible for the removal of EMG, EOG and ECG artifacts. The advantage of EEMD is that it is a completely data-driven algorithm without the need of any predefined function in the decomposition stage. As recently suggested, EEMD-based methods are more effective to remove artifacts from single-channel EEG compared to WT-based methods [15] - [17] . However, EEMD decomposes the signal only according to the frequency and amplitude information, which does not localize the underlying artifact signals to any certain level. Thereby, the assumption of artifacts having relatively higher amplitude and relatively independent spectrum at a certain decomposition level for EEMD may be incorrect [21] .
Three different kinds of artifacts are the most common electrophysiological contaminants in the literature about EEG artifact removal, i.e. EMG, EOG and ECG [22] , [23] . Most aforementioned studies only focus on removing one single kind of artifacts. Unfortunately, EEG are prone to be contaminated by diverse artifacts from various sources at the same time, and these artifacts have different characteristics.
In other words, EMG, EOG and ECG artifacts may occur in EEG recordings respectively, or more than one kinds of artifacts occur in the same EEG recordings simultaneously. Yet to our knowledge, few studies address the difficult issue of EMG, EOG and ECG artifacts occurring in the singlechannel EEG recordings simultaneously.
To address this issue, we propose an effective method to remove diverse artifacts simultaneously in the singlechannel EEG case. This method is a two-step strategy. First, the single-channel EEG is decomposed into multi-channel datasets by singular spectrum analysis (SSA). SSA is a nonparametric spectral estimation technique to decompose real-valued time series into the sum of interpretable components such as trend, oscillating and noise components [24] . SSA has been used to analyse EEG recordings in several studies. For instance, Maddirala et al. proposed to utilize SSA-based method to remove EOG, EMG, [25] - [27] and motion artifacts [28] from single-channel EEG; Zhang et al. demonstrated the feasibility of ECG artifacts removal from single-channel EEG by the combination of SSA and BSS method [29] ; Hu et al. proposed to employ SSA-based method for extracting brain rhythms from EEG recordings [30] . Based on previous studies, we know that SSA has been successfully utilized for various artifacts removal from EEG, even has enabled the separation of different sources overlapping in time-frequency space. SSA has the advantage of fully utilizing different characteristics of different kinds of artifacts in the decomposition process, while EEMD decomposes the signal only according to frequency and amplitude. SSA might perform better than EEMD in the case of diverse artifacts exist simultaneously.
In the second step, ICA is formulated to separate diverse artifacts from the multi-channel datasets. Despite the fact that some contradictory studies exist, ICA-based methods are the main accepted solution for removing artifacts from EEG [31] . Furthermore, ICA is the most common method to deal with diverse artifacts [32] , and many studies have reported the successful use of ICA to remove diverse artifacts simultaneously [33] - [36] . ICA has several different implementations, we choose the second-order blind identification (SOBI) algorithm since it is previously used in many studies for removing different kinds of artifacts from EEG recordings [9] , [21] , [37] - [40] . Besides, Urigüen et al. published a review of EEG artifact removal in 2015 [22] , which pointed that SOBI-based ICA was recommended for the removal of diverse artifacts simultaneously. SOBI is based on second-order statistics (SOS), and it attempts to achieve the blind source separation by extracting statistically independent sources and exploiting temporal structure information of the sources by examining their dependence with their timedelayed version (the stronger dependence indicates higher autocorrelation when explored by SOS). In comparison with EEG, EMG artifacts have relatively lower autocorrelation, while EOG artifacts have relatively higher autocorrelation. ECG artifacts has strong independence from EEG due to its VOLUME 7, 2019 specific temporal morphology and time-frequency characterization. Thus, the separation of diverse artifacts and EEG components can be achieved by SOBI.
To illustrate the effectiveness of the proposed SSA-ICA scheme for removing diverse artifacts simultaneously from single-channel EEG, evaluations on semi-simulated EEG recordings are conducted. We simulated three cases of EEG being contaminated by the aforementioned three kinds of artifacts, i.e. a single kind of artifacts, two kinds of artifacts simultaneously and three kinds of artifacts simultaneously. Furthermore, the SSA-ICA is compared with the existing EEMD-ICA in terms of performance.
The rest organization of this paper is as follows. In Section II, the methods and the semi-simulated data description are briefly introduced. In Section III, the denoising results are provided, followed by in-depth discussions. Section IV concludes the work.
II. METHODS

A. ENSEMBLE EMPIRICAL MODE DECOMPOSITION (EEMD)
Empirical mode decomposition (EMD), first proposed by Huang et al [41] , is a fully data-driven and highly adaptive signal analysis technique for nonlinear and nonstationary signals. EMD decomposes a time series signal into a finite number of intrinsic mode functions (IMFs), which contain local features of the original signal at different time scales. The IMFs are functions that satisfy two properties: 1) the number of extrema and the number of zero crossings must either be equal or differ by at most one; 2) at any point, the mean value of the envelope defined by the local maxima and the envelope defined by the local minima is zero. There is a sifting process taken to obtain an IMF of the original signal x(t). First, find all the local maxima and minima over the full length of the x(t). Then, the local maxima are connected using a cubic spline creating an upper envelope u(t). The local minima repeat the same process to calculate the lower envelope b(t). Next step involves compute the average of the two envelopes m(t) and subtracting this average from the original signal results in a new signal h(t) = x(t)−m(t). This signal h(t) is treated as the new data signal and the above-mentioned steps are repeated until h(t) complies with the properties of IMFs. Once this occurs, the signal h(t) becomes the first IMF c 1 . The abovementioned steps are repeated to obtain the subsequent IMFs on the residual signal r 1 (t) = x(t) − c 1 (t). The sifting process won't stop until the residual signal r n (t) becomes a monotonic function. Thus, the signal x(t) can be decomposed as:
where n is the number of IMFs. However, EMD is highly sensitive to noise and may lead to the mode-mixing problem. To overcome this issue, a noiseassisted alternative technique has been proposed [42] , ensemble EMD (EEMD). EEMD adds independent white noise to the original signal with several trials, and repeats the EMD decomposition for each trial. The IMFs are obtained as the means of an ensemble of IMFs.
B. SINGULAR SPECTRUM ANALYSIS (SSA)
Singular spectrum analysis (SSA) is a subspace based technique for time series analysis. This technique comprise four basic steps: embedding, singular value decomposition (SVD), grouping and reconstruction.
Step 1: Embedding First, the N sampled signal
is the lagged vector. The trajectory matrix X is a Hankel matrix since all elements on the anti-diagonal i + j = constant are equal.
Step 2: SVD The second step is to perform singular value decomposition of the trajectory matrix X . The SVD of X is performed as follows: Calculate the covariance matrix C = XX T and denote 
where d is the number of non-zero eigenvalues and
Thus, the trajectory matrix X can be written as
Step 3: Grouping The third step is to group the elementary matrices into several submatrices. The indices I = 1, 2, · · · , L are split into M number of groups. Thus, the trajectory matrix X is given by
whereX m is the group m.
Step 4: Reconstruction In the final step, each submatrixX m is hankelized, thus the obtained Hankel matrix can be transformed into a new series. The original N sampled signal x(t) can be decomposed as
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C. INDEPENDENT COMPONENT ANALYSIS (ICA)
ICA is a well-known blind source separation (BSS) technique in the literature. BSS refers to separate individual sources from the observed signals, without the need of any prior information. Suppose X is the multi-channel observation signals, which is linear mixed of a set of sources S. Then, mathematically,
where A is called the mixing matrix. The goal of BSS is to generate a de-mixing matrix W such that
whereŜ is the estimated sources, W is the inverse of mixing matrix A. When BSS is applied to EEG, removal of the artifacts is achieved by setting the sources identified as artifacts to zero as
As mentioned before, we select SOBI algorithm as the ICA method in this paper. SOBI was first introduced in [43] and a more robust algorithm was later introduced in [44] . As a SOS-based method, SOBI attempts to perform the joint approximate diagonalization on a set of time-lagged covariance matrix [39] .
D. EEMD-ICA
The combination of EEMD with ICA for source separation from single-channel signals was first introduced in [15] , which was employed for the removal of EMG/EOG artifacts from EEG and also ECG from EMG. EEMD-ICA is a twostep strategy. First, the original single-channel signal x is decomposed to a multi-channel dataset X by EEMD. The multi-channel dataset X is then employed as the input to ICA for estimating the underlying sourcesŜ. The individual sources deemed as artifacts can be selected and the corresponding columns ofŜ are set to zeros. Then, theŜ clean is passed through the mixing matrix A to return the multichannel datasetX , which is ideally free of artifacts. The artifact-free single-channel signalx can be reconstructed by summing all the IMFs inX .
E. THE PROPOSED SSA-ICA
To deal with the removal of the diverse artifacts simultaneously from single-channel EEG, we propose to take advantage of both SSA and ICA by combining them as SSA-ICA, which is operated in a similar manner to that of EEMD-ICA. In the first step, SSA is employed to decompose the singlechannel EEG x into multi-channel dataset X . In the second step, ICA is employed on the multi-channel dataset to extract the statistically independent sourcesŜ. The sources identified as artifacts can be removed by setting the corresponding rows of theŜ to zeros. The artifact-free multivariate datâ X can be reconstructed by the updated sourceŜ clean and the mixing matrix A. The recovered single-channel EEGx without artifacts can be determined by summing the new components in the multi-channel datasetX . After the two steps, the diverse artifacts are removed simultaneously from the single-channel EEG. 
F. DATA ACQUISITION
In order to demonstrate the performance of the proposed SSA-ICA method, we employed the semi-simulated data, which were superimposed manually from the pure EEG, EMG, EOG and ECG collected from subjects separately. The pure single-channel EEG signals were captured by an EEG Quick-Cap and a NuAmps amplifier (Compumedics Neuroscan, El Paso, TX, USA) with a 1-70 Hz bandpass filter based on the international 10ĺC20 system. The sampling rate of EEG was 1000 Hz. To avoid possible artifacts, subjects were instructed to sit relaxed in a comfortable way. Eleven healthy subjects (5 females and 6 males) were recruited in EEG acquisition experiment. Totally eleven artifacts-free 10s EEG epochs, with each corresponding to each subject, were selected through the visual inspection of a neurophysiologist. The pure four-channel EMG signals were captured from the four electrodes placed on the skin of the forearm. These electrodes were from Trigno wireless surface EMG system (DELSYS INC., Natick, MA, USA) with a sampling rate of 1927 Hz. During the acquisition of the EMG, subjects instructed to hold the hand grasp for 4 s and then relax for 6 s. The single-channel EMG source was randomly chosen from all the EMG recordings of 23 experimental subjects. Both EEG and EMG acquisition experiments were approved by the ethics board of Hefei University of Technology. The pure single channel EOG source (from Subject 3) was selected as the ''Graz data set B'' from BCI Competition IV, which were band-pass filtered between 0.5 and 10 Hz. Other detailed information of BCI Competition IV can be found in [45] . Finally, the relatively pure ECG source was selected from the first ECG file of the MIT-BIH arrhythmia database [46] , [47] , which has already been used in several studies for removing ECG from EEG [48] , [49] . All the four sources were re-sampled to 500 Hz and last 10 s. Figure 1 shows the pure selected EMG, EOG and ECG sources.
As mentioned above, we simulated three cases of EEG being contaminated by EMG, EOG and ECG artifacts. A contaminated EEG can be obtained by the following equations:
where λ denotes the contribution of artifacts. 1) For the case of EEG being contaminated by the single single kind of artifacts (such as EMG), X Artifacts = X EMG ; 2) For the case of EEG being contaminated by the two kinds of artifacts simultaneously (such as EMG and EOG), X Artifacts = X EMG + X EOG ; 3) For the case of EEG being contaminated by the three kinds of artifacts simultaneously, X Artifacts = X EMG +X EOG + 0.5 · X ECG . Since ECG activity is usually of low amplitude on the scalp compared to EMG and EOG [2] , the amplitude of ECG signals was multiplied by 0.5. The signal-to-noise ratio (SNR) can be adjusted by changing λ:
where the root-mean-squared (RMS) value is defined as
where T is the number of time samples. In this study, SNR values from 0.5 to 1.5 with a 0.1 step were used. Figure 2 shows one typical 10s of pure EEG and contaminated EEG of all cases in different SNR values. Similar to the previous EEG denoising studies [6] , [9] , [19] , [50] , two objective measures were used for evaluating the performance. The first measure is relative root mean squared error (RRMSE), which is defined as
whereX EEG denotes the reconstructed single-channel EEG data after artifacts removal. Correlation coefficient (CC) between the X EEG andX EEG is also calculated to further evaluate the capability of preserving the original EEG information.
III. RESULTS
A. CASE I: SINGLE KIND OF ARTIFACTS
In this section, we revealed the denoising results of EEG being contaminated by one single kind of artifacts. We applied both EEMD-ICA and the proposed SSA-ICA to the semi-simulated EEG data for comparison. Since we have a total of eleven artifacts-free 10 s single-channel EEG, each method was performed eleven times independently, with each corresponding to each semi-simulated data. The final evaluation measures were obtained by calculating the average RRMSE and CC values with standard deviations at each SNR value. In our implementation, the number of ensembles was set to 20, and 13 components were produced by EEMD. The number of IMFs is determined by the Equation: IMF number = fix(log 2 (n)), where n is the number of data points, fix(x) is a rounding function. This is a common way to determine the number of IMFs. In our experiments, n = 5000, the number of IMFs is consequently determined to be 12.
Counting the residual signal, totally 13 components were produced by EEMD. Regarding the number of ensembles, it is found that the performance of EEMD becomes fairly consistent when using ten or more ensembles [17] , which can also be concluded in our implementation. Thereby, 20 is an acceptable number in practice considering the computational cost.
According to previous studies [51] , the window length L was suggested to be selected based on the lowest frequency of the expected component f l and the sampling frequency f s , referring to the formula L ≥ f s /f l , making sure that the window length is long enough to cover at least one period of the expected component. In our implementation, the lowest frequency of the interest EEG component is at least 4 Hz, and the sampling frequency is 500Hz. Therefore, the window length L should be greater than 125. Considering the component extraction ability and the computational cost of SSA, the corresponding window length L was experimentally set to 130.
Since the eigenvalues were arranged in decreasing order of magnitude, the corresponding elementary matrices were in the same order. In this study, the elementary matrices were divided into 13 groups. For the first 12 groups, each elementary matrix was individually taken as a sub-matrix group. The remaining elementary matrices were together grouped as a sub-matrix group, treated as the 13th group. Consequently, the number of decomposition components of SSA was also 13. Due to the fact that EMG signals have the characteristics of gaussian noise leading to small eigenvalues, the last several decomposition components extracted by SSA usually represent the EMG artifacts. The eigenvalues of ECG artifacts are also usually smaller than EEG, but larger than EMG. Some studies have already used the information given by the eigenvalues to remove ECG from EMG [52] . Since EOG signals usually have larger amplitudes leading to large eigenvalues, the first several decomposition components extracted by SSA usually represent the EOG artifacts. Figure 3 show the performance of EEMD-ICA and SSA-ICA. Higher values of RRMSE indicate less ability to remove artifacts from EEG. Lower values of CC indicate less ability to preserve the original EEG information. During each situation corresponding to each single kind of artifacts, it can be seen that the proposed SSA-ICA outperforms the EEMD-ICA at different SNR values in terms of RRMSE and CC. The components extracted by EEMD are shown in Figure 4(a)-(c) , from top to bottom corresponding to the frequencies from high to low (The last one is the residual signal). The extracted underlying sources using ICA after EEMD are shown in Figure 4(d)-(f) . Meanwhile, the components extracted by SSA are shown in Figure 5 (a)-(c) and the extracted underlying sources using ICA followed by SSA are shown in Figure 5(d)-(f) . It can be found from Figure 4 and Figure 5 that SSA outperforms EEMD in effectively separating artifacts from EEG. It can be clearly seen that EMG artifacts are concentrated in the last six components by using SSA, shown in Figure 5 (a). The EOG artifacts are successfully isolated to the first several components, shown in Figure 5 (b). The ECG artifacts are concentrated in the last several components, shown in Figure 5 (c). Take the EMG artifacts for instance, the independent EMG sources can also be successfully separated by ICA after SSA in Figure 5 (d) (the extracted sources are sorted by their autocorrelations from high to low, EMG artifacts can be identified from the last several sources since the sources associated with EMG artifacts have the characteristic of quite low autocorrelations). When adopted EEMD-ICA method, the EMG artifacts are concentrated in the last four sources, shown in Figure 4 (d) (the extracted sources are also sorted by their autocorrelations from high to low). One possible reason why the performance of EEMD-ICA is worse than that of SSA-ICA is that the sources extracted by EEMD-ICA, identified as EMG artifacts also contain EEG information. Figure 6 shows both the denoised EEG after using SSA-ICA (EEG signals was originally contaminated by EMG artifacts with SNR = 1) and the original pure EEG signals. It can be seen that by using SSA-ICA, the EMG artifacts can be effectively removed, shown in 6(a), while the true underlying EEG signals are retained, shown in 6(b), which demonstrated the superiority of SSA-ICA in extracting statistically-independent artifact sources.
B. CASE II: TWO KINDS OF ARTIFACTS
In this section, we revealed the denoising results of EEG being contaminated by two kinds of artifacts simultaneously. Considering all three possible situations, we simulated EEG being contaminated by EMG and EOG artifacts, EMG and ECG artifacts, as well as EOG and ECG artifacts. The parameter settings were the same as those in Case I, and both EEMD-ICA and SSA-ICA were employed for comparison. The averaged RRMSE values and CC values among eleven semi-simulated data, corresponding to each method, at each SNR were calculated and shown in Figure 7 . It can be seen that, during each situation with EEG being contaminated by two kinds of artifacts simultaneously, the proposed SSA-ICA still outperforms the EEMD-ICA at different SNR values in terms of RRMSE and CC. During Case II, the similarity (in terms of CC) between the EEG obtained by SSA-ICA and the original pure EEG reaches above 83.62% for most of the SNR settings, especially when the SNR is larger than 1. The components extracted by SSA are shown in Figure 8 to extract the two kinds of artifacts simultaneously. Take the situation with EEG contaminated by both EMG and EOG for example, by considering the characteristic of EMG and EOG, the components obtained by SSA usually orderly correspond to EOG, EEG and EMG. Figure 8 (a) proves this point. It can be clearly seen that EOG artifacts are concentrated in the first component (note that 4th component also contains EOG artifacts), while EMG artifacts are concentrated in the last component in Figure 8(a) . After the decomposition using SSA, ICA can success to separate the independent EMG and EOG sources as shown in Figure 8(d) , from which we find that it is easy to observe the EOG artifacts in the first source and the EMG artifacts in the last source. Figure 8(b) presents the decomposition results by applying SSA to EEG being contaminated by EMG and ECG artifacts. It can be seen from Figure 8 (b) that EEG activities are mainly distributed in the first seven components, ECG artifacts are mainly distributed in components from 8 to 12, and both EMG and ECG artifacts are contained in the last component. From Figure 8 (c), we can see that the EOG artifacts are concentrated in the first two components, while ECG artifacts are concentrated in the last several components.
C. CASE III: THREE KINDS OF ARTIFACTS
In this section, we revealed the denoising results of EEG being contaminated by all three kinds of artifacts simultaneously. To our knowledge, few studies have addressed this issue. In this study, we applied both EEMD-ICA and the proposed SSA-ICA to remove the three artifacts simultaneously from single-channel EEG, and the results are presented and compared in Figure 9 . During this case, we can see that SSA-ICA still has better performance at each SNR values compared to that of EEMD-ICA. As shown in Figure 9 , if SNR is greater than 1, the similarity between the EEG obtained by SSA-ICA and the original pure EEG can exceed 83.70% for EEG being contaminated by all three kinds of artifacts simultaneously. It can be found from Figure 10 (a)-(b) that EEMD is unable to sufficiently extract the diverse artifacts simultaneously, leading to the awful results of EEMD-ICA. Many underlying sources extracted by EEMD-ICA are actually the mixture of the EEG and the artifacts. For instance, shown in Figure 10 (c), the 9th source contains both EEG and ECG, and the 11th source also contains both EEG and EMG. In contrast, by using SSA, it is fairly easy to identify the first component corresponding to EOG artifacts (note that the 4th and 5th also contain EOG artifacts), the EEG is mainly concentrated in the 2nd to 7th components, and the last component corresponding to EMG and ECG artifacts (9th to 12th components also contain ECG artifacts), shown in Figure 10 (b). Figure 10(d) shows the uncorrelated sources ordered by their autocorrelations after using ICA. The EOG artifacts are mainly concentrated in the first two components, due to their high autocorrelations. EMG artifacts are concentrated in the last component, due to their low autocorrelations. ECG artifacts are presented in 7th to 9th sources, and 12th to 13th sources. Excluding the diverse artifacts sources in the reconstruction leads to the cleaned EEG shown in Figure 11 .
IV. DISCUSSION AND CONCLUSION
As the popularity of using wearable EEG devices in ambulatory systems increases, the applications of EEG are being developed. In many practical cases, the ambulatory systems use only one single channel of EEG. Thus, the removal of artifacts becomes an important issue in the application of single-channel EEG signals. Numerous previous studies have demonstrated some useful methods for artifact removal from single-channel EEG [14] - [19] , most of which focus on removing one single kind of artifacts. Due to the fact that there are diverse artifacts having different characteristics, can contaminate the EEG simultaneously, those methods proposed for removing the single kind of artifacts may not perform well. According to previous studies, EEMD-BSS methods is the main accepted solution for removing artifacts from singlechannel EEG. EEMD has the ability to decompose the singlechannel EEG into multiple channels, which then are suitable for the subsequent blind source separation process. However, EEMD is unable to separate artifacts whose frequency spectrum overlaps with EEG signals. The reason is that EEMD decomposes signals only according to frequency and amplitude, and the assumption that artifacts have relatively higher amplitude and relatively independent spectrum at a certain VOLUME 7, 2019 decomposition level for EEMD may be incorrect. Due to the fact that when diverse artifacts occurring in the singlechannel EEG simultaneously, the frequency spectrum of the diverse artifacts often overlaps with that of EEG, the decomposed components obtained by EEMD usually are the mixture of both artifacts and EEG. This mixture would result in poor performance of subsequent blind source separation. Besides, EEMD-BSS methods suffers from the edge effect problem when using a cubic spline to calculate upper and lower envelopes of the given data [53] .
It is clearly known that EMG, EOG and ECG artifacts all have the property of statistical independence from EEG, and all artifacts have their own unique characteristics, which indicate that the combination of decomposition methods (that utilize the characteristic information of diverse artifacts) and blind source separation algorithms may be effective to remove the diverse artifacts simultaneously from the single-channel EEG. In this study, we proposed an effective SSA-ICA method to address this issue. The straightforward benefit of SSA-ICA is first that SSA enables to separate different sources (even overlapping in time-frequency space) based on the information of eigenvalues. For instance, the eigenvalues of EMG are very small due to its characteristics of gaussian noise; The eigenvalues of EOG are very large due to its usually larger amplitudes. The straightforward benefit of SSA-ICA is then that the independent artifacts sources well localized to several components when using SSA will be prone to be separated by the subsequent blind source separation. The performance of SSA-ICA method and existing EEMD-ICA method were conducted and compared on semi-simulated data. The results of all the three cases suggest that the proposed SSA-ICA is a superior choice for removing diverse artifacts separately and simultaneously from single-channel EEG.
According to previous studies [6] , [8] , [9] , various BSS methods can be employed for removing artifacts from EEG, including CCA, IVA and several different implementations of ICA (such as fastICA, SOBI, and InfoMax). However, disagreement exists about the performance of different BSS methods [6] , [21] .The optimal choice of BSS methods may dependent on many factors, such as the type of EEG, as well as the form and magnitude of artifacts. In the study, SOBI has been chosen for all cases of EEG being contaminated by three artifacts relying on both the previous suggestions [22] , [37] , [38] and our own experimental results. We have tried several other BSS methods in this semi-simulated study, and SOBI is finally the only BSS method (among CCA, IVA, fastICA and InfoMax) that is effective for all cases of EEG being contaminated, especially for the case of EEG being contaminated by three artifacts simultaneously. In some cases, other BSS methods may have equivalent performance to SOBI. For instance, both SSA-CCA and SSA-IVA have excellent performance equivalent to SSA-SOBI for the case of EEG contaminated by EMG artifacts; SSA-IVA has outstanding performance equivalent to SSA-SOBI for the case of EEG contaminated by EMG and EOG artifacts. However, these methods would fail in the cases especially when the EEG contaminated by diverse artifacts simultaneously. SOBI is based on second-order statistics (SOS) while most other ICA algorithms are based on higher-order statistics (HOS). SOBI attempts to achieve the blind source separation by extracting statistically independent sources and exploiting temporal structure information of the sources by examining their dependence with their timedelayed version. The reasons why SOBI performes better in separating diverse artifacts may be as follows: First, by minimizing cross-correlations using multiple time delays, temporal structure information can be used to separate sources [54] . Such temporal information is very important for separating EMG and EOG artifacts but is not used by other ICA algorithms. Second, the components derived by SOS-based ICA (SOBI) are less sensitive to errors caused by random noise than those derived by HOS-based ICA that are sensitive to outliers. This point is particularly relevant to EEG that is typically contaminated by various artifacts that are either oneof-a-kind artifacts (e.g., EMG artifact) or that are spatially stereotyped and occur repeatedly (e.g., EOG and ECG artifacts) [55] . Third, SOBI uses second-order statistics that can be estimated reliably with fewer data points than that of other HOS-based ICA. Consequently, SOBI is recommended for separating diverse artifacts from EEG.
Besides, setting a proper window length L is important to SSA. According to previous studies [51] , the window length was suggested to be selected based on the lowest frequency of the expected component f l and the sampling frequency f s , referring to the formula L ≥ f s /f l , making sure that the window length is long enough to cover at least one period of the expected component. Grouping the eigenvectors is also a critical step of SSA. In this study, the magnitude information of eigenvalues is utilized to identify different sources. Several studies have proposed new grouping criterions for SSA. For instance, grouping the eigenvectors based on the local mobility of the eigenvectors to remove motion artifacts from EEG [28] , grouping the eigenvectors based on the eigenvalue pairs to extract the main rhythms from EEG [56] . In fact, there is hardly a general grouping rule for SSA, which mainly depends on the types of EEG and the involved artifacts. However, It is reasonable that there exists a unique optional grouping criterion during a specific case of EEG being contaminated, which will be investigated in the future.
When reconstructing EEG signals, the proper criteria of exclusion/inclusion sources is extremely important. In our implementation, the artifact-related sources were selected through the visual inspection of a neurophysiologist, which were also adopted in [6] , [15] . How to automatically determine if a source should be excluded when processing real EEG signals has always been a problem that researchers are working on. Based on our review, the methods of automatically detecting artifact-related sources can be divided into two types. The first type is feature-based threshold methods. This method is to extract a certain feature of each source, and then select artifact-related sources according to the threshold of each feature. For instance, the autocorrelation coefficient can be particularly useful in ascertaining sources containing EMG artifacts since EMG artifacts have a broad frequency spectrum compared with EEG. In [17] , Chen et. al employed autocorrelation as a feature, and then set a proper threshold to remove the EMG artifacts from real EEG automatically. In [57] , Delorme et. al. employed kurtosis as a feature to detect sources containing EOG artifacts. However, the performance of these feature-based methods is mainly depend on the threshold setting. In addition, when diverse artifacts exist simultaneously, only one feature is far than enough, which makes the feature-based methods more complicated. For real EEG signals (i.e. the number or type of noise is unknown), which feature should be employed is also a big challenge. The second type is based on the automatic classifiers. For instance, Calvache et. al classified artifacts and neural EEG components using Support Vector Machine (SVM) classifier [58] . Very recently, ICLabel, a plugin of EEGlab, has been designed for automatically labeling independent components (ICs) based on crowd labeling latent Dirichlet allocation (CL-LDA) algorithm [59] . CL-LDA generating labels for a subset of independent component labeling (ICL) dataset, a collection of millions of EEG ICs without labels, allows the use of semi-supervised learning algorithms on the entire dataset, enabling the creation of an automated EEG IC classifier to aid neuroscientists in analyzing large collections of datasets, to help and teach those who do not know how to distinguish ICs manually. Currently, our work focuses on the performance of our proposed denoising methods during the simulated experiments. The amount of the data is not large and the visual inspection of an experienced neurophysiologist can probably result in the most accurate results. In the future, we will explore to automatically exclude or include sources.
In a word, the proposed SSA-ICA is recommended for removing diverse artifacts separately and simultaneously from single-channel EEG, which provides a promising tool for practical biomedical signal processing applications. VOLUME 7, 2019 
